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Abstract
This work shows the results of different simulation studies on honeybee breeding, aiming
to find successful yet sustainable breeding strategies.
Chapter 1 gives a short introduction to animal breeding in general and how it can be de-
scribed by mathematical models. In this context, the particular strengths of Monte Carlo
simulation studies are explained. Furthermore, the chapter provides a review of basic hon-
eybee biology and outlines the challenges in transferring general theory of quantitative
genetics to this species.
There are standard computer programs which are used for stochastic simulations of animal
breeding. But none of them is able to represent the biological properties of honeybees.
Therefore, the program BeeSim was developed to fill this gap. Chapter 2 describes the
properties of the program.
When simulating honeybee populations, one has to make a choice if and how the genetics
of individual bees should be simulated. Once one decides to model bees on an individual
level, there are two main options for their genetics. The infinitesimal model assumes the
genetics to be determined by an infinite number of loci, each with infinitesimally small
influence on the traits of interest. It allows an individual’s genetics to be simply described
by only a few numbers. Alternatively, there are finite locus models, assuming a finite
number of gene loci affecting the traits with possibly different magnitudes. Chapter 3
shows the different behaviors of the two models in honeybee breeding simulations, leading
to the conclusion that long-term simulation studies should rather rely on finite locus
models in order to minimize the risk of underestimating the loss of genetic variety in the
population.
Mating control is generally seen as a key factor of successful animal breeding. However,
controlled mating is hard to achieve in honeybees, and many breeding organizations lack
the necessary infrastructure. It is therefore tempting to breed by only selecting superior
dam queens and neglecting the control of their mating behavior. The simulation studies
of Chapter 4 show that this approach cannot yield satisfactory genetic gain in the middle
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to long-term and that mating control is crucial for reasons beyond avoiding unwanted
introgression of other honeybee subspecies.
Chapter 5 shows the application of the BeeSim program to the question of optimal selection
of honeybee populations in terms of sustainability. The sharper the selection procedure,
the faster the genetic development of a breeding population in the desired direction.
However, fast development comes with high inbreeding rates and a rapid loss of genetic
variance. The optimal selection strategy depends on factors such as population size and
heritabilities of the selection trait. The simulation studies of this chapter quantify these
dependencies and thus evaluate competing selection approaches.
Chapter 6 provides a conclusion of the findings in the previous chapters as well as an out-
look to what further promising investigations may be possible with the help of honeybee-
specific Monte Carlo simulations in the future.
Chapters 3, 4, and 5 have previously been published in peer-reviewed journals; the articles
are referenced at the beginning of the respective chapters. In comparison with the pub-
lished versions, the layouts were adjusted to achieve a uniform appearance. This includes
formula notation and the display and numbering of tables and figures. The few cases
where content was changed are clearly marked with explaining footnotes.
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Zusammenfassung
Diese Arbeit vereinigt die Resultate mehrerer Simulationsstudien über die Honigbienen-
zucht mit dem Ziel, erfolgreiche und nachhaltige Zuchtstrategien zu finden.
In Kapitel 1 wird eine kurze Einführung in die allgemeine Tierzucht gegeben. Zudem
wird erklärt, wie diese mit mathematischen Modellen beschrieben werden kann. In diesem
Kontext wird auch die Stärke von Monte-Carlo-Simulationen beleuchtet. Weiterhin liefert
das Kapitel einen Überblick über wesentliche biologische Besonderheiten der Honigbiene
und wie diese die Übertragung der Theorie quantitativer Genetik von anderen Nutztieren
beeinflussen.
Keines der gängigen Computerprogramme, die für stochastische Simulationen von Zucht-
populationen verwendet werden, kann die biologischen Besonderheiten der Honigbiene
abbilden. Deswegen wurde das Programm BeeSim entwickelt um diese Lücke zu schließen.
Kapitel 2 beschreibt die Eigenschaften des Programms.
Bei der Simulation von Honigbienenpopulationen muss man sich für ein Modell entschei-
den, das die Genetik der Bienen abbildet. Entscheidet man sich dafür, alle Bienen in-
dividuell zu simulieren, gibt es hierfür im Wesentlichen zwei Wahlmöglichkeiten. Das
Infinitesimalmodell nimmt an, dass genetische Eigenschaften von einer unendlichen An-
zahl Loci bestimmt werden, die alle einen infinitesimal kleinen Anteil daran tragen. Es
erlaubt, die individuellen genetischen Eigenschaften mit wenigen Kenngrößen einfach
zu beschreiben. Als Alternative gibt es Finite-Locus-Modelle. Diese gehen von einer
endlichen Anzahl Loci mit Einfluss auf ein Merkmal aus, wobei die einzelnen Einflüsse
unterschiedlich groß sein können. In Kapitel 3 werden die unterschiedlichen Auswirkun-
gen der Modelle in Simulationsstudien zur Honigbienenzucht dargestellt und geschlossen,
dass Langzeitstudien eher auf Finite-Locus-Modellen basieren sollten um die Gefahr einer
Unterschätzung des Verlusts genetischer Varianz zu minimieren.
Anpaarungskontrolle ist allgemein als ein Schlüssel zur erfolgreichen Tierzucht anerkannt.
Allerdings ist sie bei Honigbienen nur schwer zu bewerkstelligen und vielen Zuchtver-
bänden fehlt die nötige Infrastruktur. Daher ist es naheliegend, für die Zucht lediglich
die überlegenen Mutterköniginnen zu selektieren und ihr Paarungsverhalten zu ignorieren.
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In Kapitel 4 wird gezeigt, dass dieser Ansatz mittel- bis langfristig keine großen genetischen
Zugewinne zu generieren vermag und dass Anpaarungskontrolle für eine erfolgreiche Zucht
nicht nur zum Zwecke der Verhinderung ungewünschter Einkreuzungen wichtig ist.
Kapitel 5 zeigt die Anwendung des BeeSim-Programms auf die Frage nach optimalen Se-
lektionsraten in der nachhaltigen Honigbienenzucht. Je schärfer selektiert wird, desto
schneller verändert sich die Genetik der Population in die gewünschte Richtung. Al-
lerdings, geht eine schnelle Entwicklung mit hohen Inzuchtraten und einem drastischen
Verlust genetischer Varianz einher. Die optimale Selektionsstrategie hängt von vielen
Faktoren, wie der Populationsgröße und Erblichkeiten der Selektionsmerkmale, ab. Durch
stochastische Simulationen können diese Abhängigkeiten quantifiziert und die verschiede-
nen Zuchtansätze so evaluiert werden.
In Kapitel 6 werden allgemeine Schlussfolgerungen aus den Ergebnissen der vorherigen
Kapitel gezogen. Außerdem gibt das Kapitel einen Ausblick, welche weiteren Unter-
suchungen zur Honigbienenzucht mit Hilfe von Monte-Carlo-Simulationen in der Zukunft
angestellt werden können.
Die Kapitel 3, 4 und 5 sind zuvor in begutachteten Fachzeitschriften veröffentlicht wor-
den. Die entsprechenden Artikel werden jeweils am Kapitelanfang angegeben. Das Layout
wurde im Vergleich zu den veröffentlichten Versionen angepasst um ein einheitliches Er-
scheinungsbild zu erreichen. Dies bezieht sich unter anderem auf die Notation in Formeln
und die Darstellung und Nummerierung von Abbildungen und Tabellen. Die wenigen
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Chapter 1
Animal breeding and honeybees
1.1 Livestock breeding
The general aim of selective breeding endeavors is the gradual genetic improvement of a
population over the course of several generations [1]. Here, genetic improvement is to be
seen with respect to one or several quantitative traits such as milk yield in cattle, egg-
laying frequency in chicken, or honey yield in honeybees. The improvement is achieved
by a selection regime of breeders which ideally allows only individuals with desirable
genetic features to reproduce. Some of the major concerns in breeding activities can be
summarized under the catchwords detection, decision, control and sustainability :
∙ Detection. In order to select genetically superior individuals, one first needs to
identify them. The most important factors to detect the genetic quality of an an-
imal are its phenotypic features. Therefore, animal breeding inevitably requires
record-keeping of the individuals’ phenotypes. While for some traits, like slaugh-
ter weight in pigs, the attainment of these records is straightforward, other traits,
like gentleness in honeybees, require the development of a standardized measur-
ing methodology in order to obtain comparable results from different breeders [2].
However, an individual’s phenotype is determined not only by its genes but also by
its environment and further random effects. In the last 100 years, mathematical
theory galore has been developed to isolate the genetic contribution to the pheno-
type and thus enable breeders to select those individuals which are of true genetic
quality and not just those which potentially benefited from favorable environmental
conditions [3].
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∙ Decision. In most cases, breeders do not follow a singular breeding goal but rather
a collection of several objectives. When an individual excels in some traits while
having deficits in others, trade-off decisions have to be made in order to deter-
mine whether that individual is fit for reproduction [4, 5]. In dairy cattle, for
example, one is interested in fertile cows, because having offspring is a prerequi-
site for milk production. Furthermore, one is also interested in high milk yields
per lactation. Unfortunately, these two traits have been shown to be negatively
correlated—selection for one trait can thus easily result in negative selection for the
other trait [6]. Therefore, a well-calibrated balance between selection foci needs to
be found. Similar considerations apply when a trait is not determined by an indi-
vidual alone but also by contemporaries. The weaning weight of piglets is affected
by their own ability to put on weight as well as their mother’s ability to feed them.
Such direct and maternal genetic effects are in many cases negatively correlated;
sows which are exceptionally good at feeding their offspring often have piglets that
struggle in gaining weight by themselves [7].
∙ Control. Once genetically superior individuals are detected, it must be secured that
only these individuals are allowed to reproduce. Consequently, mating in the pop-
ulation must be controlled. Practices of mating control, such as the castration of
large numbers of males, are probably as old as agriculture itself [8]. In many agri-
cultural species, practices have been developed further over the years, culminating
in modern strategies involving artificial insemination with sexed sperm and embryo
transfers [9]. In some species, like aquaculture and honeybees, controlled mating is
especially hard to achieve because the mating process cannot easily be observed or
steered.
∙ Sustainability. Intense selection will only allow relatively few individuals to repro-
duce. The selected individuals thus each have to produce large numbers of offspring
in order to maintain a constant population size. Therefore, many individuals in
the breeding population will be closely related, thereby narrowing down the genetic
variance within the population. This variance, however, is a main prerequisite for
further genetic improvement [10]. Moreover, it has been shown that increasing rates
of inbreeding have negative fitness effects on individuals, the so-called inbreeding
depression [11]. Therefore, a successful breeding scheme has to take questions of
sustainability into account. It has to generate genetic improvement and at the same
2
time maintain genetic diversity in order to allow for further improvements in the
future [12].
This list of breeding considerations is by no means exhaustive. Cost-efficiency and animal
welfare are examples of further concerns of animal breeders that are not covered. But the
presented four aspects—detection, decision, control, and sustainability—are of undeniable
importance and mark the areas to which this work aims to contribute in the field of
honeybee breeding.
1.2 Mathematical models
Tackling the aforementioned four challenges of animal breeding is much facilitated by
mathematical models. Two of the most important models in animal breeding are the
so-called animal model and the model of Mendelian inheritance. They provide access to
two integral questions of breeding-related biology:
∙ How are phenotype and genotype of an individual related?
∙ How are genotypes passed from parents to their offspring?
The first of these questions touches the breeding aspects of detection and decision, while
the second question affects the topics of control and sustainability. These connections are
discussed in the following two sections.
1.2.1 The animal model
The animal model gives a description how individual phenotypes are determined by a
number of components. In its simplest form, it is described by the formula [13]
y = Xb+ Zu+ e. (1.1)
It assumes that the vector of phenotypic records y depends linearly on effects of the
different environments b, the individual genetics u, and residual effects e. The matrices
X and Z match the respective environments and genetics to the phenotypes. The following
example illustrates the model.
Example 1. Assume four cows, 𝑐1 to 𝑐4, living in two different environments, 𝐴 and 𝐵, and
producing different amounts of milk over the course of one lactation (6000, 6500, 7000,
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and 8000 kg, respectively). The animal model provides a decomposition of the vector y
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I. e., while environment 𝐴 (with cows 𝑐1 and 𝑐2) normally allows for a milk yield of
5700 kg, the more favorable environment 𝐵 on average allows for 8000 kg. Cows with
the genetic properties of cow 𝑐2 can be expected to produce 800 kg more milk than the
average, while cows with the genetics of cow 𝑐3 can be expected to yield 700 kg less than
the average. The vector e finally covers, how far the individual realization differs from
these expectations due to further influences that were not explicitly covered. In particular
it is worth noting that in the example, cow 𝑐4 with the best phenotype is different from
the cow with the most favorable genetics, which is 𝑐2.
Naturally, when given a vector y of phenotypic records, the question arises, how a concrete
realization of the decomposition in Equation 1.1 looks like. An answer was provided
by C. R. Henderson who developed the methodology of best linear unbiased prediction
(BLUP) [14]. This procedure yields likely values for the vectors b and u using a linear
regression based on a priori assumptions on the genetic covariances. In particular, it
assumes that genetic similarity translates directly to correlations between the genetic
values 𝑢𝑖 and 𝑢𝑗 of two individuals 𝑖 and 𝑗. Traditionally, rates of genetic similarity
are deduced from the pedigree [15]; however, there are modern approaches to detect
the similarity more directly by explicitly reading genetic marker information from the
DNA [16]. The animal model and the BLUP methodology of genetic evaluation are
closely connected and often mentioned in the same breath [17–19]. The mathematical
formulation of splitting phenotypic values into an environmental part and a genetic part
as in Equation 1.1 has proven highly valuable in the detection of superior individuals in
a breeding population.
Like any mathematical model, Equation 1.1 is a simplification of reality. For example, it
does not cover non-linear contributions or interactions between environmental and genetic
effects. However, in many cases the model can easily be extended to allow for general-
izations such as the presence of maternal effects. Recalling the example of the weaning
weight in pigs, a specific genetic set-up can have two different genetic values depending
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on whether it is expressed in the growing piglet or in the feeding sow. The animal model
can thus be extended to the form
y = Xb+ Zmatumat + Zdirudir + e, (1.3)
where umat and udir represent the maternal and direct genetic values [13]. In Equation 1.2
the matrix Z was the identity matrix, linking individuals’ genotypes to their phenotypes.
While this remains the case for Zdir, the matrix Zmat connects the genotypes of dams
to the phenotypes of their offspring. Applying the BLUP methodology to the extended
model of Equation 1.3 provides each individual with estimated breeding values for the
direct and the maternal effects. The absolute breeding value may then be defined as
the sum of direct and maternal breeding values, thus comprising the complete potential
for genetic contributions to further generations [20]. In case of multiple selection traits,
similar extensions of the animal model can be applied [21]. Thus extended, the animal
model facilitates decisions, allowing for a judgement of different genetic qualities of single
individuals.
1.2.2 Mendelian inheritance
The model of additive Mendelian inheritance describes how genetic properties, i. e. breed-








𝑢sire + 𝛿. (1.4)
This signifies that on average, an offspring can be expected to inherit the mean genetic
values of its parents. However, due to the fact that each parent only passes half of its
genetic information, there is some sampling variation which is represented by the term 𝛿.
Again, the general Equation 1.4 is illustrated by an example:
Example 2. In dairy cattle, we consider a bull 𝑏 and a cow 𝑐 which are sire and dam of
two offspring 𝑜1 and 𝑜2. The respective breeding values of 𝑏 and 𝑐 for yearly milk yield
are 7000 kg and 8000 kg. (Note that despite not producing milk themselves, the genetic
properties of a bull can still be associated with a value for this trait.) Then, the genetic
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− 550 = 6950. (1.5)
In particular, children of the same parents do generally not carry the same genetic prop-
erties: The variance of the Mendelian sampling term 𝛿 signifies how much the genetics of
full-siblings can vary.
Equation 1.4 serves as the starting point for many derivations in quantitative genetics. It
can be used to connect degrees of relationship with genetic similarity [15] or to predict
average genetic properties of a new generation from the breeding values of the selected
dams and sires [22]. However, Mendelian inheritance as it is modelled in Equation 1.4 can
only be used to describe an offspring’s genotype if both parents are known. This further
strengthens the importance of control for animal breeding: Not only is it paramount that
only genetically desirable individuals reproduce, but in order to give a sound mathemat-
ical description of inheritance, it is also important to control (or at least record) which
individual matings take place.
In Fisher’s infinitesimal model of genetics [23], the variance of the Mendelian sampling
term 𝛿 can be expressed in terms of the genetic variance of the trait and the parents’
inbreeding coefficients [24]. By this nature, the development of 𝛿 over time provides an
implicit description of the sustainability of a breeding program. Genetic progress over
generations is only possible if there are offspring which have better genetic properties
than their parents and the extent to which this will be the case is determined by the
variance of 𝛿. So if the variance of 𝛿 declines over time due to inbreeding or genetic drift,
this indicates limited sustainability of a breeding program.
1.2.3 Monte Carlo simulations
Separate explanations of the animal model and the model of Mendelian inheritance, as
they were given in the two previous sections, must remain vague because the models
develop their true strengths only when used in combination:
Making use of the animal model, genetically superior individuals are detected and selected
for reproduction. When reproducing, they pass their genetic values to their offspring ac-
cording to the Mendelian rules. For the next round of selection, the genetic similarity
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of individuals can be determined by investigating which ancestors they have in common
and which part of their genetics—inherited according to Equation 1.4—they thus share.
This information in turn serves as an input for the BLUP methodology. Hence, an ad-
equate description of breeding over multiple generations requires iterative usage of the
animal model and Mendelian inheritance. Explicit mathematical descriptions of breeding
processes, such as Lush’s breeder’s equation, are often limited to few generations [22], be-
cause processes over many generations are complicated by multiple interactions between
the involved models. Most analytical descriptions of multi-generational breeding could
only be obtained under several simplifying assumptions [25–27].
However, the vast increase in capacity of computers during the last decades allowed for
an alternative to analytic descriptions of breeding processes, namely Monte Carlo simu-
lation studies. Presently, modern computer programs, such as ADAM [28], can simulate
thousands of individuals with their respective genetic set-ups. The simulated animals’
genetics are inherited according to the Mendelian rules, while phenotypes and estimated
breeding values are generated by use of the animal model. Through the explicit use of
computer-generated random values, e. g. for the Mendelian sampling terms 𝛿, compli-
cated dependencies, like those between individual relationship coefficients and breeding
values, no longer have to be deduced theoretically. Rather, they can directly be inferred
from the outcomes of the simulations.
Nowadays, Monte Carlo simulation studies are ubiquitous in animal breeding. They are
used in a wide range of contexts: to validate the benefits of newly designed breeding
schemes [29], predict the extent of evaluation biases [30], or investigate the influence of
incomplete information [31].
1.3 Adaptation to honeybees
1.3.1 Honeybee breeding
So far, we outlined a theoretical framework of livestock breeding in general. In the follow-
ing we will turn to the special case of the honeybee Apis mellifera. Currently, honeybees
are kept and bred all over the world. Traditionally, there were four main traits of interest
in honeybee breeding:
∙ Honey yield. For most beekeepers, honey production is the main incentive for their
work. Consequently, there is a keen interest in honeybee colonies which produce
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large amounts of honey. The trait is relatively easy to access by weighing combs
before and after honey extraction [2]. Depending on the subspecies, a yearly honey
yield between 10 kg and 40 kg can be considered as normal. In particular through
migratory beekeeping, much higher yields of up to 200 kg can be reached [32]. In
theory, the honey yield of a colony could also be negative if the beekeeper has to
feed more honey than s/he can harvest in a season. However, such situations are
rarely reported.
∙ Gentleness. Gentleness of honeybees describes a reduced defensive behavior towards
humans. This trait not only enhances the manageability of the hive by the beekeeper
but also the acceptance of beekeeping in populated areas. According to the most
prevalent testing protocol, it is rated by the breeder several times a season on a
scale from 1 to 4, ranging from "bees show no sign of aggression" to "bees attack
despite use of smoke" [2, 33]. Despite efforts to establish well-defined categories for
the individual ratings, this trait always depends on the subjective judgment of the
breeder.
∙ Calmness. Successful beekeeping requires repeated inspections of the hive. These
inspections are much facilitated if the bees remain calmly on their combs rather than
fly around. Therefore, calmness on the comb during inspections has been made out
as a breeding goal. Like gentleness, calmness is usually rated on a scale from 1 to
4 [2].
∙ Swarming behavior. When a honeybee queen becomes old or a colony perceives
itself as too big, a new queen can be produced and the old queen will leave the hive
together with a large group of worker bees, the so-called swarm. This behavior is
unwanted by most beekeepers because swarms have to be caught again and honey
production is negatively affected [34]. Therefore, honeybees are actively selected
against the tendency for swarming. Like the two aforementioned manageability
traits, swarming tendency is typically rated on a scale from 1 to 4 [2].
In recent years, defense against the parasitic mite Varroa destructor has become increas-
ingly important and thus recognized as a desirable breeding trait [35, 36]. Varroa-defense
can be measured in various different forms, including the workers’ ability to remove in-
fected brood and the growth of the mite population over the season [2]. Most European
breeding programs select for an index trait made up from these aspects [37]. Regionally,
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further breeding goals may be pursued, for example royal jelly production in France [38]
and China [39] or resistance against the Sacbrood virus in South Korea [40].
Honeybee breeding differs from that of other species in several aspects. The most striking
of these differences is that in honeybees, being social insects, traits are generally not
expressed by individuals but rather in a collective, the colony. As will be described
later on, the honeybee’s biological peculiarities complicate the mathematical description
of breeding processes. Hence, in comparison to other livestock species, it appears that
honeybee breeding is lagging behind between one and two decades. While Henderson’s
BLUP methodology was applied in cattle from the early 1980s onward [41], its adaptation
to honeybees was not implemented until the mid-1990s [37] and while genomic marker
information has regularly been used in cattle breeding since ca. 2005 [42], the necessary
SNP-chip for honeybees has only recently been developed [43].
Historically, active breeding of honeybees has been limited to few European subspecies like
A. m. carnica and A. m. ligustica. Consequently, these subspecies became increasingly
attractive to beekeepers all over the world. Other honeybee species and subspecies are
therefore increasingly endangered by replacement or hybridization [44, 45]. Recently, in
the course of the European project SmartBees, several breeding programs for endangered
populations are burgeoning. In order to be successful, they require meticulous planning
and adequate theoretical background considerations, tailored to the specific situations.
1.3.2 Honeybee biology
A basic understanding of honeybee biology is essential for describing breeding processes
of this species mathematically. These necessities will be provided in this section.
Honeybees live in colonies of several thousand individuals, each of which belongs to one
of three different castes [46]:
∙ Queens. The queen is the only female honeybee in the hive which is able to re-
produce. All other members of the colony are her offspring. The development of a
female larvae into a queen is induced by a special diet, consisting in large parts of
royal jelly. Shortly after hatching, a queen will perform one or several nuptial flights
during which she mates in the air with several drones (male honeybees) from hives
in the vicinity. The drones’ semen is henceforth stored in the queen’s spermatheca
and used to fertilize eggs for the rest of the queen’s life. Queens can regulate work-
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ing processes in the hive by emitting pheromones and thereby contribute to most
quantitative traits. They are diploid organisms and can live for several years.
∙ Worker bees. With up to 60.000 individuals per hive, worker bees constitute the
majority of a colony. They are female and diploid but generally do not reproduce.
They perform most of the tasks in the hive, whence they directly contribute to all
traits.
∙ Drones. Male honeybees are called drones. Unlike queens and worker bees, they
are haploid and develop from unfertilized eggs. Since they do not contribute to the
chores in the hive but only play a role in reproduction, they are often called flying
gametes.
The honeybee queen’s polyandry, i. e. her mating with multiple drones, yields serious
problems for breeders as far as control is concerned. While artificial insemination of a
queen with a single drone is technically possible, the resulting colonies do not develop to
full strength and most of the time cannot be overwintered successfully [47]. Thus, full
control over which specific drone is a queen’s sire can in general not be given. Partial
control, however, is indeed possible and can be achieved by making sure that the area of
the queen’s nuptial flight is void of drones with the exception of drones from few selected
colonies. This is typically the situation on isolated mating stations which are placed in
mountain valleys or on islands.
1.3.3 Honeybee models
When applying genetic models to the honeybee, several adjustments are necessary to
cover the biological properties correctly. This becomes obvious when looking at two
female offspring of the same queen. In mammals, two offspring of the same dam have a
quarter or half of their genes in common, depending on whether they share the same sire
or not. If two offspring from a honeybee queen have different sire drones, they will also
share a quarter of their genetics. However, since drones are haploid, all their sperm cells
are genetically identical. Therefore, honeybees that stem from the same drone sire are
much closer related than it is the case in mammals: they share 75% of their genes.
As described earlier, honeybee breeders are interested in entire colonies rather than indi-
vidual worker bees. Based on works of Chevalet and Cornuet [48], Bienefeld and Pirchner
[49] developed a model that comprises three entities: queens, worker groups, and pseudo
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sires, the last-mentioned comprising the collective of drone producing queens on a mating
station. The model of Mendelian inheritance (Equation 1.4) was then adjusted to account
for the honeybee’s genetic properties. This model was later improved by Brascamp and
Bijma [50] to fully account for the collective nature of worker groups, haploidy of drones,
and different probabilities of individual sirehoods.
This classification of honeybees into queens, worker groups and pseudo sires allowed for
an adaptation of the BLUP animal model to the honeybee [19]. In the situation of
Equation 1.3, the phenotype of a colony is influenced by maternal effects of the queen
and direct effects of the worker group. The breeding value estimation for honeybees which
is thus made possible has proven to be highly successful in the last two decades [37].
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The program described in this chapter has been published on Dryad:1
M. Plate, R. Bernstein, A. Hoppe, K. Bienefeld Data from: Comparison of infinitesimal
and finite locus models for long-term breeding simulations with direct and maternal effects
at the example of honeybees. Dryad. Dataset, 2019.
https://doi.org/10.5061/dryad.1nh544n
It can be downloaded directly via
https://datadryad.org/stash/downloads/file_stream/43054.
1The program was published under the first author’s birth name Plate.
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2.1 Program description
The computer program BeeSim has been written to provide stochastic simulations of
honeybee breeding processes. It is loosely inspired by the program ADAM [1] for other
livestock species but was written from the ground up using the programming language C.
The program simulates breeding programs which can be specified by the user via parame-
ter files. Different breeding strategies can then be evaluated by comparing the respective
outcomes in terms of e. g. inbreeding rates or genetic gain. The program simulates queens,
drones and worker groups individually as they inherit genetic properties through multiple
generations. Hereby, it respects honeybee specific features, such as haplo-diploid genetics
and polyandry. It enables selection and keeps track of mutual relationship coefficients.
The user can make choices regarding the following parameters:
∙ Genetic model. The user can chose between a finite locus model and the infinitesi-
mal model for the bees’ genetics. While the finite locus model represents individual
genes or markers, the infinitesimal model reflects a large number of loci, all con-
tributing equally to a trait. In either model, the user can specify a trait by giving
its genetic and residual variances. Queen and worker effects can be represented. In
case of the finite locus model, different distributions for allele frequencies and allele
effects can be specified as well as different linkage rates between loci. The pro-
gram can furthermore be used to simulate historical populations in order to create
linkage disequilibrium. At the moment, the program is limited to additive genetic
inheritance.
∙ Population. The user may specify the population size in terms of colonies per year.
In addition to the breeding population, a passive population may be simulated which
is not actively selected but potentially interdepends with the breeding population
via the exchange of queens and/or drones. Rates, to which extent such genetic
exchange may take place, are also specified by the user. The population parameters
also include minimum and maximum ages of queens to produce drones or queens,
as well as potential culling ages. All population parameters can either be specified
for the whole simulated time or individually for each simulated year.
∙ Mating. The user can specify how queens of the breeding and passive population
should mate. Generally, there are three possibilities: (i) free mating, (ii) mating
with drones from selected colonies via artificial insemination, or (iii) mating on
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isolated mating stations. It is also possible, to let different parts of the population
follow different mating strategies. For either mating, the user can decide how many
drones should be involved in the process. For the isolated mating stations, several
characteristics can be specified. These include the number of drone producing queens
on the mating station and whether or not they are related, as well as the mating
station security, i. e. how probable it is that a drone involved in a mating does
actually come from one of the designated drone producing hives.
∙ Selection. The user can specify at which rates queens should be selected to produce
new queens, mating stations, or drones for artificial insemination. Furthermore, it
can be specified, how many queens from the same sister group can maximally be
selected, thus enabling within- and across-family selection. Selection can follow four
different criteria:
– phenotypical selection, i. e. the queens whose colonies show the best phenotype
are selected.
– genotypical selection, i. e. the queens which can pass on the best genes are
selected
– random selection
– selection after genetic evaluation. The selection scheme can employ a breeding
value estimation. The program is designed to run with the BLUPF90 family of
programs [2] for which the inverse relationship matrix is calculated by the pro-
gram PInCo [3]. But alternative programs may easily be included, for example
to feature genomic breeding strategies.
The program is continuously updated and expanded to feature further aspects of honeybee
breeding.
2.2 Motivation of performed simulation studies
As follows from the program description, a large number of parameters can independently
be chosen, thus giving rise to a plethora of possible simulation studies. In the remainder of
this chapter, I will motivate why I decided to perform the specific investigations described
in the following chapters.
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The ultimate goal of my endeavors was to use the BeeSim program to find suitable breed-
ing strategies for honeybee populations that provide sustainable genetic gain. For this
purpose, it was crucial to first develop an understanding of the behavior of the used mod-
els in order to make reasonable choices. The first study, which is described in Chapter 3,
therefore gave a broad survey how long-term developments depend on the chosen models
and parameters. From the results, best practices for further more specialized Monte Carlo
simulations could be deduced. In particular, the results indicated which genetic models
are the most adequate for long-term breeding simulations.
After a suitable genetic model for the intended long-term simulations was found, in the
next step I needed to define an adequate selection strategy. The biggest difference between
selection schemes that are currently in practical use in Europe is the handling of mating
control. While some breeding organizations invest great effort into the provision of secure
mating stations [4], others let their queens mate freely [5]. I therefore conducted a study
in which the consequences of these two strategies are investigated in detail. The results—
which speak highly in favor of controlled mating—are presented in Chapter 4.
Based on the results of Chapters 3 and 4, the qualitative choices of genetic model and
breeding system were determined for the final study. Chapter 5 provides applicable quan-
titative results regarding optimal selection rates. The outcomes of this study thus give
concrete instructions to breeders and breeding organizations regarding an optimal design
of their selection strategies.
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Abstract
Stochastic simulation studies of animal breeding have mostly relied on either
the infinitesimal genetic model or finite polygenic models. In this study, we inves-
tigated the long-term effects of the chosen model on honeybee breeding schemes.
We implemented the infinitesimal model, as well as finite locus models, with 200
and 400 gene loci and simulated populations of 300 and 1000 colonies per year over
the course of 100 years. The selection was of a directly and maternally influenced
trait with maternal heritability of ℎ2𝑚 = 0.42, direct heritability of ℎ2𝑑 = 0.27, and a
negative correlation between the effects of 𝑟𝑚𝑑 = −0.18. Another set of simulations
was run with parameters ℎ2𝑚 = 0.53, ℎ2𝑑 = 0.34, and 𝑟𝑚𝑑 = −0.53. All models
showed similar behavior for the first 20 years. Throughout the study, we observed a
higher genetic gain in the direct than in the maternal effects and a smaller gain with
a stronger negative covariance. In the long-term, however, only the infinitesimal
model predicted sustainable linear genetic progress, while the finite locus models
showed sublinear behavior and, after 100 years, only reached between 58% and 62%
of the mean breeding values in the infinitesimal model. While the infinitesimal model
suggested a reduction of genetic variance by 33% to 49% after 100 years, the finite
locus models saw a more drastic loss of 76% to 92%. When designing sustainable
breeding strategies, one should, therefore, not blindly trust the infinitesimal model
as the predictions may be overly optimistic. Instead, the more conservative choice
of the finite locus model should be favored.
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3.1 Introduction
A major concern in sustainable breeding and conservation programs is the preservation of
genetic variance in the population [1–4]. To estimate the development of genetic variance
under various conditions, Monte Carlo simulations have been widely applied in animal
breeding and conservation genetics since computers were introduced [5, 6], and they re-
main a valuable tool [7, 8]. Currently, two main types of genetic models are used to investi-
gate developments in genetic variance via simulations: Fisher’s infinitesimal model [9, 10]
and the finite locus models [11, 12]. The infinitesimal model assumes that quantitative
traits are genetically influenced by an infinitely large number of loci, each of which has
the same infinitesimally small impact. In contrast, finite locus models assume a possibly
large but finite number of loci contribute to a trait and allow for different magnitudes
of influence of the respective loci. Both the infinitesimal model [13, 14] and finite locus
models [15, 16] have been used in recent simulation studies.
Although existing software, such as ADAM [17], can run simulations based on either
model, comparisons of the two models’ properties in stochastic simulations appears to be
scarce in the literature. Fournet-Hanocq and Elsen [18] compared Monte Carlo simulations
based on the finite locus model with two deterministic simulations, one of which relied
on the infinitesimal model, and found greater losses of genetic variance in the finite locus
models. Further studies focused on only one of the models and found dependencies of the
simulation outcomes on the population size [19] or the distribution of QTL effects [12].
In [20], simulations using both models were performed. However, this study compared
the accuracy of different methods for breeding value estimation depending on the models
rather than the properties of the models themselves. We are not aware of any direct
comparison of Monte Carlo simulations based on the respective models.
Estimates of the long-term effects of animal breeding, especially the limits of selection pos-
sibilities, were introduced in [21], relating the possible total genetic gain to the effective
population size. The authors of [19] studied the long-term behavior of Monte Carlo simula-
tions that relied on the infinitesimal model. They found the problem of decreasing genetic
variance in very small populations and expressed interest in similar studies with different
genetic models. A study of long-term breeding effects involving a finite locus model was
conducted in [22]. Here, the authors discovered the possibility of improving long-term
responses by enhancing the selection of favorable minor alleles. Breeding schemes can
select for either single traits or several intercorrelated traits. Often, these traits are not
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only determined by single individuals alone but also by their contemporaries via indirect
effects [23, 24]. The most prevalent of these indirect effects are probably the so-called
maternal effects in which the genetic properties of a dam influence the performance of her
offspring [25–27].
Simulation studies have already examined the effects of selective breeding for multiple
traits and found that breeding value estimation should consider the correlation between
different traits [28, 29]. Traditionally, most of these investigations have been solely based
on the infinitesimal model [28, 30, 31]. Most modern finite model-based single trait
simulation studies assume that there is a favorable allele and suppose that the allele’s
effects follow a heavy-tailed distribution, often realized by a gamma distribution. These
assumptions cannot be easily transferred to a multivariate setting. Nevertheless, a number
of multi-trait studies with finite locus models exist [29, 32, 33]. However, no common
standard methodology has been established so far [34].
Simulation studies that include indirect effects appear to be almost exclusively based
on the infinitesimal model [35–39]. It has been found that indirect effects have to be
correctly addressed in the breeding value estimation to obtain optimal results and that
a negative correlation between direct and indirect effects can severely hamper genetic
progress [35, 36]. Moreover, a connection between the presence of indirect genetic effects
and increased rates of inbreeding has been drawn [38]. In studies investigating the po-
tential of genomic selection in honeybees, finite locus simulations that include maternal
effects were implemented by Gupta, et al. [40, 41].
Strategies used to address the problem of uncertain paternity in several breeding schemes
were first developed in [42] and [43]. By implementing computer simulations based on
the infinitesimal model, Sullivan [44] showed a clear negative effect of uncertain paternity
on breeding success. Cardoso and Tempelman [45] carried out simulation studies with
uncertain paternity, including directly and maternally affected traits, and showed that
they are equally affected by missing paternal information. Recently, a study conducted by
Tonussi et al. [46] investigated the influences of unknown sires on genomic breeding value
estimation based on a finite locus model. This study also revealed further implications
of unknown paternity in the traditional BLUP setting, including the overestimation of
genetic parameters.
The biology and current breeding schemes of honeybee show the aforementioned pecu-
liarities to a heightened degree. They combine negatively correlated maternal (queen)
and direct (worker) effects with an uncertain paternal descent and a strong need for the
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maintenance of genetic diversity, which is threatened by inbreeding depression [47, 48].
Commercial traits, such as honey production or Varroa resistance, can be influenced ma-
ternally by the queen through her egg laying frequency or pheromone release, as well as
directly by the workers (e.g., via nectar collection or hygienic behavior). Maternal and
direct effects in honeybees differ slightly from their respective counterparts in mammals
in two aspects.
∙ The direct effect is not attributed to an individual but to the collective of workers
in a colony. It is, thus, often seen as their average effect [49].
∙ The maternal effect of a queen is not directed at the next generation of queens
but at her worker group, an entity that is not directly involved in the selection
process. Hence, selection for maternal effects does not suffer from the inaccessibility
of information in the latest generation, which leads to reduced selection potential
in maternally affected traits in other species [50].
Nevertheless, the notion of maternal and direct effects in honeybees resembles corre-
sponding concepts in other farm animals very closely and are regularly seen as their
equivalents [49, 51, 52]. This makes the honeybee an ideal model species to quantify the
influence of previously unexamined factors.
Moreover, there is a specific current reason to investigate bee breeding. Because of a lack
of selection, small honeybee races in Europe get increasingly replaced by two selected
subspecies [53]. New breeding programs will soon be set up for these endangered races,
and new performance testing protocols are being developed [54–57]. Therefore, at this
point, sustainable long-term breeding strategies are needed.
After the establishment of a BLUP-based breeding value estimation for the honeybee [52,
58], a new species-specific methodology was developed [49, 59]. Primary simulation studies
have been carried out using either the infinitesimal model [49] or finite locus models [40,
41]. In this work, we will explain the methodological concept, which is also transferable
to other species, and establish simulation procedures for honeybee breeding schemes. We
compare the long-term behavior of Monte Carlo simulations based on infinitesimal and





Honeybee colonies were modelled as consisting of a single queen and her offspring (a group
of non-reproducing worker bees). In addition to the diploid queens and workers, haploid
drones were individually modelled. After being created, young queens immediately mated
with 12 drones each. Afterward, the genetic information of the queen and the 12 drones
was used to create a worker group and daughter queens. Drones received their genetic
information from their respective dam queens alone.
In accordance with common breeding practices (see [55] and [60] for more detailed expla-
nations), drone producing queens (DPQ) and potential dams of the queens in the next
generation (breeding queens, BQ) formed two mutually exclusive groups. A collection of
eight DPQ formed a so-called mating station. The 12 drones, which an individual queen
mated with, always came from one single mating station. The DPQ on a mating station
were simulated to share a common dam BQ. In honeybee breeding theory, such mating
stations are often seen as an analogue to sires in other farm animals [49, 52]. In situa-
tions where this analogy applies, we therefore refer to them as pseudo sires. The high
maintenance effort of secure mating stations in reality leads to relatively small numbers
of pseudo sires in honeybee breeding schemes. Our simulations covered the time period
of 100 years. We simulated a small population in which 300 BQ and four pseudo sires
were created each year, as well as a larger population with 1000 BQ and 10 pseudo sires.
Each simulated year was generally characterized by the following events, which will be
further discussed in detail:
∙ Queen production, including
– Dam selection
– Inheritance of true breeding values
∙ Queen mating
∙ Colony production and performance tests
∙ Breeding value estimation for the next year
The last two events occurred only in the second and later years.
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The main simulations were implemented in C, while the creation of initial genetic distri-
bution and the statistical analysis of the results were written in R [61]. The source code
of the program as well as the output of the simulations and a script for the statistical
analyses are stored in Dryad [62].
Dam selection
In each of the first two years, 300 (resp. 1000 in the larger population) BQ were created
without specified parents. These base population BQ were assumed to be unrelated.
Similarly, in each of the first three years, four (resp. 10) pseudo sires were created without
specified parents. Every pseudo sire comprised eight DPQ. No relationships among DPQ
or between DPQ and BQ were assumed in the first three years. Beginning in the third year,
two-year-old BQ were available, and their colonies had estimated breeding values. With
the breeding value estimation following the theory developed in [49], queens and their
worker groups had direct and maternal estimated breeding values, where the sum of both
breeding values of the worker group constituted the selection criterion (SC) (see [49, 63]
for a detailed motivation of the SC). By truncation selection based on the SC, 60 (resp.
200) of the two-year-old BQ were chosen to serve as dams for the next generation of BQ.
Each of the selected dams produced five new breeding queens. In the fourth year and
each year thereafter, four (resp. 10) three-year-old BQ were selected as dams of the next
generation of DPQ. The BQ were chosen by truncation selection based on the SC, and
each of them mothered the setup of one mating station (see also Figure 3.1 for an overview
of the breeding scheme).
3.2.2 Inheritance of true breeding values
The genetics of the bees were simulated according to three different models: (i) a finite
locus model with 200 unlinked loci, (ii) a finite locus model with 400 unlinked loci, and
(iii) the infinitesimal model. We will refer to the three models as FL200, FL400, and
INF, respectively. For the simulations, we decided on a normally distributed trait with an
initial direct (worker) additive genetic variance of 𝜎2𝐴,𝑑 = 2, an initial maternal (queen)
additive genetic variance of 𝜎2𝐴,𝑚 = 1, and a residual effect with variance 𝜎2𝐸 = 1. Two sets
of simulations were run with different negative correlations between maternal and direct
effects. In the first case, we chose a moderate negative covariance of 𝜎𝐴,𝑚𝑑 = −0.25, and
in the second case, we chose a stronger negative covariance of 𝜎𝐴,𝑚𝑑 = −0.75. These
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Figure 3.1: Breeding scheme of the small population. In each year, there are 300
new breeding queens (BQ), of which the best 60 produce the next generation of BQ
(generation interval: two years). Each of the four best BQ produce a pseudo sire each
year (generation interval: three years). For the larger population, the numbers (300, 60,
4) have to be replaced by (1000, 200, 10).
numbers reflect initial maternal effect heritabilities of ℎ2𝑚 = 0.42, resp. ℎ2𝑚 = 0.53, and
direct effect heritabilities of ℎ2𝑑 = 0.27, resp. ℎ2𝑑 = 0.34, with genetic correlations of
𝑟𝑚𝑑 = −0.18, resp. 𝑟𝑚𝑑 = −0.53. These relations are in broad accordance with the
breeding parameters determined for several traits by various studies [47, 63–65]. We
note that as described in [65], the direct effect heritability ℎ2𝑑 measures the amount of
phenotypic variance that can be attributed to the worker groups. It does not, however,
reflect the scope for selection response when selecting virgin queens according to the
theory developed in [66]. No dominance or epistatic effects were simulated.









The matrix Σ𝐴 fulfilled three purposes in the simulations.
1. It defined the variance structure of breeding values in the base population.
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